Demand models play a critical role in enterprise-driven design by expressing demand and revenues as a function of price, and product attributes. Revenues and cost, expressed as a function of product attributes, provide the basis for predicting profits; the primary objective of corporate decision-making. However, existing demand modelling approaches in the design literature do not sufficiently address the unique issues that arise when complex systems are being considered. Current approaches typically consider customer preferences for only quantitative product characteristics and do not offer a methodology to incorporate customer preference-data from multiple component/subsystem-specific surveys to make product-level design trade-offs. In this paper, we propose a hierarchical choice modelling approach that addresses the special needs of complex engineering systems. The approach incorporates the use of qualitative attributes and provides a framework for pooling data from multiple sources. Heterogeneity in the market and in customer-preferences is explicitly considered in the choice model to accurately reflect choice behaviour. Ordered logistic regression is introduced to model survey-ratings and is shown to be free of the deficiencies associated with competing techniques, and a Nested Logit-based approach is proposed to estimate a system-level demand model by pooling data from multiple component/subsystemspecific surveys. The design of the automotive vehicle occupant package is used to demonstrate the proposed approach and the impact of both packaging design decisions and customer demographics upon vehicle choice are investigated. The focus of this paper is on demonstrating the demand (choice) modelling aspects of the approach rather than on the vehicle package design.
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INTRODUCTION
The view that design decisions must be considered in concert with other enterprise-level objectives has gained wider acceptance in the design community. Demand modelling is critical to calculating revenues and cost as functions of product design attributes, and is therefore central to profit-maximizing formulations for enterprise-driven product design.
However, most existing demand modelling approaches in product design only consider simple design artefacts and do not discuss methods to simultaneously consider preference data from multiple sources (e.g., surveys, sales records, human appraisals). Extending these approaches to the design of complex engineering systems 1 is not straightforward. Here, a hierarchical demand modelling approach is developed to better address the design of complex engineering systems and facilitate design decision making at various levels of product hierarchy (e.g., system, subsystem, component). The approach incorporates the use of both qualitative and quantitative attributes and provides a framework for pooling data from multiple sources. Heterogeneity in the market and in customer-preferences is explicitly considered in the choice model to accurately reflect choice behaviour. The resulting demand model is ultimately used to make market share, revenue and profit predictions and facilitate the engineering design decision process in the selection of the preferred design(s).
The automotive vehicle occupant package design is used throughout this paper to explain our research motivation as well as to demonstrate the proposed methodology. The vehicle occupant package design, a critical element of the vehicle design, is a multidisciplinary design activity, and essentially involves setting package design targets in terms of standard Society of Automotive Engineers (SAE) dimensions while also considering other vehicle design considerations (e.g., structural, safety, styling). Unlike targets for other vehicle specifications, setting package targets is heavily influenced by qualitative considerations, such as overall roominess of the occupant package. In addition, consumer perceptions of occupant packages are often influenced by vehicle-level factors, such as the market/product segment (SUV vs. midsize car) and the perceived status (luxury vs. economy) of the vehicle. Finally, vehicle design essentially involves several surveys that focus on different subsystems/components (e.g., engine, interior, exterior/styling, ride quality); it is necessary to pool preference data from these different surveys to understand how customers make trade-offs among different vehicle features.
The organization of the rest of the paper is as follows. The research motivations and objectives are discussed in Section 2. A background to demand modelling is provided in Section 3. Section 4 describes the modelling methodology while Section 5 provides the details on the implementation for vehicle packaging design. Conclusions and future work are summarized in Section 6.
MOTIVATION AND RESEARCH OBJECTIVES
The use of demand models has become widely prevalent in the design community (e.g., Li and Azarm, 2000 , Besharati et al., 2002 , Michalek et al., 2006 , Kumar et al., 2006a , Kumar et al., 2006b , Wassenaar, 2003 , Wassenaar et al., 2006 in recent years,. However, most existing demand modelling approaches in product design only consider simple design artefacts, e.g., cordless power tools (Li and Azarm, 2000, Besharati et al., 2002) , bathroom scales (Michalek et al., 2005a , Michalek et al., 2005b , electric motors (Kumar et al., 2006a, Wassenaar and Chen, 2003) . While there are several distributed design approaches to manage the complexity of the engineering design problem, e.g., BLISS (Sobieszczanski-Sobieski et al., 2002) , CO (Braun, 1996) , ATC (Kim et al., 2003) , there exist few similar developments in the area of demand modelling for complex design artefacts.
Current demand modelling approaches in the literature (Li and Azarm, 2000 , Besharati et al., 2002 , Wassenaar, 2003 , Wassenaar et al., 2006 , Kumar et al., 2006a ) offer a systematic framework to model customer preferences for only quantitative product attributes (e.g., weight, power, torque). Also, current approaches do not address the relationship between the system-level qualitative attributes (e.g., overall roominess in vehicle packaging design) and the subsystem/component-level attributes (e.g., packaging dimensions). Attempts to establish a quantitative mapping between the two and provide useful interpretations for real life data sets have been less successful due to the high computational expense associated with such models. (e.g., the Integrated Latent Variable approach presented in (Wassenaar et al., 2004) ).
From the demand modelling point of view, it is unrealistic to include all quantitative attributes in a single demand model. There is a strong need to consider the hierarchy among product attributes, with qualitative attributes at the top of the hierarchy, and quantitative design attributes at the bottom. Models that attempt to capture the relationships between the multiple levels of survey ratings and quantitative engineering attributes should also consider the nature of the survey data available at each level and the nature of the response-surveyratings are generally discrete in nature and represent relative, or ordinal, preferences for an attribute.
Another challenge in demand modelling of complex engineering systems is the modelling of the heterogeneity in customer preferences. Most existing approaches in the design literature aggregate customer preferences (Li and Azarm, 2000, Besharati et al., 2002) . A few approaches examine this information at the individual level (Wassenaar, 2003 , Wassenaar et al., 2006 , Kumar et al., 2006a by including a limited number of customerspecific attributes (e.g., age, gender). However, for the design of a complex design artefact like an automobile, it is important to model the diversity in customer-preferences in a more complete way to predict choice behaviour for a given design. In the context of vehicle packaging design, it is relevant to examine the impact of market segmentation (e.g., SUVs, sports cars), demographic characteristics (e.g., age, income, gender, automobile ownership), and anthropometric characteristics (e.g., height, shoulder-width) on purchase behaviour, as well as on customer-ratings for subsystem and component attributes.
An important research question in the demand modelling for design of complex artefacts is how the customer preference-data from different sources (e.g., from different surveys)
should be best combined, not only to enhance the prediction accuracy but also to accurately capture the preferences at system, subsystem and component levels. Existing approaches in the design literature have only used data from a single source-either stated preference (SP) data (e.g., Michalek et al., 2005b) or revealed preference (RP) data (e.g., Wassenaar et al., 2006) . RP data refers to actual choice (i.e., purchase) behaviour that is observed in real choice situations. SP surveys are used to learn about how people are likely to respond to new products or new product features through a market survey. The survey data is often specific to a particular component/subsystem (e.g., evaluation of an engine upgrade, vehicle-interior surveys and exterior/styling surveys). Limited study exists on combining the RP and SP sources of data for product design, while virtually no work exists on combining data from multiple component/subsystem-specific surveys to examine system-level (e.g. vehicle-level)
trade-offs.
As part of our research presented in this paper, we develop a comprehensive modelling strategy that (1) includes a hierarchical choice modelling approach that tackles the complexity associated with large scale design artefacts by incorporating the use of qualitative product attributes in the demand model (2) incorporates various types of customer and market heterogeneity in the hierarchical model, (3) provides a framework to combine preference data from multiple subsystem and component-based surveys to estimate the system-level demand model, and (4) uses Ordered Logistic Regression to analyze surveydata to overcome the deficiencies of competing techniques.
BACKGROUND TO DEMAND MODELLING
Role of Demand Models in Enterprise-driven Design
Current design approaches view demand modelling as a critical link between market research and engineering product development. Product demand Q plays a critical role in assessing both the revenue and life cycle cost C, and ultimately the profit (i.e., net revenue)
Demand Q, is expressed as a function of the customer-desired attributes A (i.e., what product attributes do customers care about), customer-specific demographic and anthropometric attributes (referred to as demographic attributes for the remainder of this paper) S, price P and time t. By linking attributes A to corresponding engineering design attributes E, the optimal level of E can be identified through maximizing the expected value of profit (enterprise-level utility optimization) to guide product development.
Introduction to Discrete Choice Analysis
Discrete Choice Analysis refers to a class of probabilistic choice models, which originated in mathematical psychology (Luce, 1959 , Marschak, 1959 , Tversky, 1972 
The deterministic part of the utility can be parameterized as a function of observable independent variables Z (customer-desired attributes A, demographic attributes S, and price P) and unknown coefficients β, which can be estimated by observing the choices respondents make (Eq. (3)). The idea behind including the demographic attributes of customers is to capture the heterogeneous nature of customers.
Depending on the assumptions made on the distribution of the random error term, different models with increasing degrees of sophistication can be used. The most commonly used modelling technique is Multinomial Logit (MNL), which is derived assuming that the error terms ni ε are independent and identically distributed (i.i.d.) and follow a Gumbel distribution (McFadden, 1974) . Estimation of the customer choice utility function allows the demand, Q, for a choice alternative i to be determined by summing over the market population of size N, all probabilities, Pr n (i), of sampled individuals, n, choosing alternative i from a set of C n competitive choice alternatives. The form of the choice probability function, Pr n (i), for MNL models is given by the expression below. 
In this expression, P refers to the probability of choosing alternative i from choice set n C ailable to customer n. The However, when the above assumption is not realistic, such as when the data includes alternatives that correspond to multiple market segments (e.g., SUV, sports cars, trucks, sedans, in the automobile market), or when data is pooled from different sources (e.g., purchase data that includes the actual alternatives in the market and survey data which includes hypothetical alternatives), modelling techniques (e.g., Nested Logit) which use multiple scale parameters µ, are required.
MODELLING METHODOLOGY
Hierarchical Modelling Approach
A large-scale design problem is characterized by attribute-hierarchies in demand model estimation, a hierarchy of consumer demographic descriptors (S), and data from multiple sources with varying degrees of richness (e.g., in-house marketing surveys, purchase data, exit interviews). Many criteria used by customers to choose between complex design artefacts tend to be qualitative especially those at the system level, and it is important to model the relationship between such system-level attributes and subsystem/component-level quantitative design attributes. To deal with the attribute-hierarchy inherent in the design of a complex system (e.g., automotive design ), a hierarchical modelling strategy is proposed in which the top system level choice model only contains a reasonable set of system-level customer-desired attributes A (including price P), while the lower level models establish the relationships between qualitative customer perceptual attributes A as functions of quantitative engineering design attributes E and demographic attributes S, i.e., A=f(E, S). This ensures a more manageable model at each level, and mitigates the model estimation issues that accompany a non-hierarchical, all-in-one approach. The hierarchy is defined by multiple model levels as illustrated in Figure 1 . The following categories of product attributes are considered:
• System Attributes: Attributes, which may be either qualitative or quantitative in nature, and are included in the choice model. The M 2 level model links qualitative system attributes (such as ratings for roominess), to sub-system attributes, (such as the ratings for head room and shoulder room) for a vehicle.
The M 3 level is used to express the qualitative sub-system attributes used in the M 2 level as functions of quantitative component-level attributes (e.g., ratings for head room as a function of head room-related dimensions).
Component-level attributes in the M 3 level model are the quantitative attributes used in engineering design. While several attribute-hierarchies may be possible in a large scale artefact, it is suggested that the attribute-hierarchy that maximizes the attribute-independence among the component attributes be chosen for further consideration. To sufficiently capture customer heterogeneity in preference, models at all levels include S. It should be noted that the number of levels considered in the hierarchy is problem-dependent.
The ability to accurately and reliably model the heterogeneity in customer preferences can help companies design products that are not only profitable but also more likely to satisfy a broader range of consumers (i.e., increased market share). In this work, customer heterogeneity is expressed through socio-economic attributes S 1 (e.g., age, income), anthropometric variables S 2 (e.g., stature, weight), purchase history S 3 (e.g., vehicle type last purchased), and the usage context attributes S 4 (e.g., building contractors are more likely to buy pick-up trucks).
System Level (M 1 Level): Choice Model Fusion
Due to the absence of a single comprehensive data source that includes customerpreferences for all product attributes in a complex artefact, a choice model fusion approach is proposed in this work. Data from multiple surveys, each focusing on different aspects of a complex artefacts, are pooled together to arrive at the demand model used to examine system-level trade-offs among different subsystem attributes. Within the transportation and marketing communities (Louviere, 1996 , Hensher et al., 1999 , Herriges et al., 1999 , Azevedo et al., 2003 , it has been recognized that combining data from multiple sources to estimate a "pooled" model can provide more precise and reliable models. Estimating such pooled models is known as "data enrichment" (Louviere et al., 2000) or "model fusion" (Allenby et al., 2005) . The motivation for estimating pooled models in the literature is usually to examine if models estimated across multiple surveys demonstrate similar customer-behaviour (e.g., coefficients of price, fuel economy in the customer's utility function). However, the primary motivation for using a pooled analysis in the design of complex systems is to examine system-level design trade-offs since it is not possible to perform trade-off analysis using only the individual survey datasets separately. Though survey data are usually available at both the system and sub-system levels, and in both RP and SP forms, a single dataset that includes all the relevant information is usually not available. Therefore, data from multiple subsystem and component-specific surveys must be pooled to estimate a product-level choice model. In this work, it is shown how the Nested Logit demand modelling technique can be used to estimate a pooled model that uses data from multiple datasets.
In the utility expression in Eq.(2), the error term ni ε is assumed to be i.i.d. Gumbel, which indicates the error term is assumed to be independent across all alternatives and across all customers. Whenever datasets from multiple surveys are pooled, the error variances in each of the datasets are different due to differences in the sample, the problem complexity or the survey design and these differences needs to be taken into account.
Consider two surveys, A (containing alternatives 1 to 4) and B (containing alternatives 5 to 8), which need to be "pooled". The utility expressions associated with each survey set, considering the error correlations, are expressed as follows:
where η k is the survey-specific error term. The Nested Logit (NL) model accounts for the correlation among the choice alternatives with the inclusion of the nest-specific error terms in the utility function. By assuming that the set of alternatives can be partitioned into subsets or nests (see Figure 2) , each nest contains only alternatives corresponding to a specific survey.
The choice probability for a given alternative i from a particular nests given by the expression:
where µ A and µ B are the nest-specific (i.e., survey-specific) scale parameters. The ratio of the scale parameters ( B A ) µ µ is proportional to the square root of the error variances (Var(η A ), Var(η B )) in the two nests A and B. The above expressions assume that the utility functions for the two surveys were estimated from surveys containing preference-data for a similar set of A and S attributes. However, in the design of complex artefacts, it is fairly common to have surveys that share little in common among the attributes-set because they are component or subsystem-specific. As part of the discussion of the vehicle package design ni W case study in Section 5, we will propose an approach to estimate a pooled model using the Nested Logit approach, under certain assumptions. For this reason, the Ordered Logit (OL) technique (Hedeker and Gibbons, 1994 ) is employed in this work to estimate models for ordinal customer ratings. OL assumes that the p ordered ratings, R, are discrete representations of a continuous, underlying utility, u ni , associated with each alternative, i, which is rated by each survey respondent, n. This underlying utility measure, u ni , is based upon the same concept as the choice model utility, U ni , in that it is assumed to be the sum of a parameterized observable component, β·Z ni , and an unobserved error component ε ni . Also in the OL approach, it is assumed that the error variance is smallest at maximum or minimum values of Z and largest for moderate values of Z (i.e. responses at the ratings extremes are more certain than those in the middle regions).
This appears to be a more realistic assumption compared to that used in LR. OL seeks to model the underlying utility, u ni , and the predicted discrete ratings, R, are estimated through the use of (p-1) cutpoints, k, imposed on the distribution of the u ni , estimated to match the proportions of R present in the actual survey data.
HIERARCHICAL CHOICE MODELLING FOR VEHICLE PACKAGE DESIGN
Vehicle package design is used as an example to demonstrate the proposed methods. It should be noted that the focus is to present the features of the hierarchical choice modelling approach rather than design optimization of the vehicle package.
Background to Vehicle Package Design
The vehicle occupant package involves trade-offs among the occupant's spatial environment, the overall exterior/interior dimensions and other vehicle performance attributes, while meeting restrictions imposed by stylish exterior design or structural design considerations. Vehicle packaging design involves understanding the relationships between customer preferences for qualitative attributes (e.g., headroom, shoulder room) and the engineering attributes used as package targets (e.g., SAE dimensions). ingress/egress in vehicle package design. In the area of human-factors engineering, models relating engineering packaging attributes to anthropomorphic attributes have been developed (Reed et al., 2000 , Reed et al., 2002 to understand the relation between the natural variation in height, shoulder width, seated height, etc. among individuals and the design of the vehicle interior. However, these approaches only propose models for posture prediction but do not address the relationship between anthropomorphic attributes and customer preferences for packaging.
Obtaining consumer appraisals of the package design has been a challenge because preferences for the occupant package are difficult to assess without the actual hardware. Both production vehicles and seating bucks are used for package design consumer appraisals. In recent years, a computer-controlled seating buck, the Programmable Vehicle Model (PVM) (Wang et al., 2004 , Wang et al., 2006 has been used for appraisals as it provides a quick and cost effective alternative to traditional seating bucks. PVMs can cover a wide range of vehicles, and can significantly cut the cost of building multiple seating bucks for design evaluation. However, it is not clear how the appraisal (SP) data collected using the PVM should be best used to estimate a demand model that considers trade-offs with other vehicle systems and merges data from other sources.
Description of the Data in the context of the Hierarchical Modelling Approach
The scope of the current paper is restricted to the driver's occupant package; the driver's package includes the locations and adjustment ranges of the steering wheel and seat with respect to the pedals, and the physical locations of controls and displays with which the driver interacts. The clinical studies used for this research consist of data from two in-house marketing surveys-an occupant packaging-based survey (DS 1 ) and an exterior styling-based survey (DS 2 ), and PVM appraisals (DS 3 ). The packaging and styling surveys were conducted on four cars in the full-size luxury segment. In the package survey, 73 respondents are asked to rate package attributes at both sub-system (e.g., overall roominess, ingress/egress) and component levels (e.g., head room, shoulder room, etc.) for car 1 (base vehicle) and its competitors (coded as cars 2, 3, and 4). In the styling-based survey, the same 73 respondents are asked to rate exterior appearance attributes and choose between the same set of vehicles.
In addition to the packaging attributes, demographic attributes S 1 (age, income, stature, and the interaction attributes-bias variables based on previous automobile ownership) are recorded. The PVM-based head room appraisals, conducted by Ford Motor Co., contain data from 100 respondents; each respondent was asked to rate 36 package configurations for head room. The package configurations data contains vertical (H61), lateral (W35), and frontal (L38) roof positions for head room, and demographic attributes S.
An example of the hierarchical choice model approach is provided below (Table 1); here, the headroom rating is modelled as a function of the SAE headroom dimensions at the M 3 level, the roominess rating is modelled as a function of the headroom rating, as well as other package specific ratings at the M 2 level, and vehicle choice is modelled as a function of roominess rating and other high-level vehicle attributes such as exterior styling at the M 1 level (see Table 1 ). It should be noted that the M 2 and M 3 level models listed are only illustrative. The same approach can be used to estimate other M 2 and M 3 level models to cascade other (qualitative) system/subsystem attributes. The case study is used to illustrate how the package design attributes can be considered together with other vehicle system attributes in predicting vehicle market share in the context of competitive vehicles and a given customer profile for the target market. 
Vehicle Level Choice Model (M 1 ):
Pooling customer preference data from multiple sources in the vehicle design context is necessary since surveys with the preference information for a complete set of vehicle attributes are rarely available-it is more common to find survey data that is specific to a vehicle component or subsystem (e.g., drive train, vehicle-exterior, vehicle-interior). At the M 1 -level, the NL technique introduced in Section 4 is used to pool the data from multiple subsystem and component-specific surveys and then examine the trade-offs between the attributes at the vehicle-level choice model.
In this study, we pool the previously described interior occupant packaging data set, DS 1 , with the exterior styling data set, DS 2 . Each data set contains a set of unique customerdesired attributes, A 1 and A 2 , and unique demographic attributes, S 1 and S 2 , as well as common customer-desired attributes, A com , and common demographic attributes, S com . The choice model utility expressions for the packaging survey (DS 1 ) and the styling survey (DS 2 ) are shown in Eq. (7). It should be noted that the subscripts, "n" and "i", are omitted from the expressions below for simplicity.
Generally, to create a pooled model with a single utility function, W pooled , it is assumed that and parameters are equivalent in both utility functions ( ). This is achieved in practice by scaling the model by unique scaling factors, µ 1 and µ 2 , respectively, to achieve the desired parameter-equality (one of the scale parameters is set to 1 to achieve a unique solution). However, if there are no common customer-desired attributes in the two surveys
as in the survey data sets in this study (interior and exterior), this approach cannot be utilized. It is still possible to estimate a pooled model in some special cases by constraining the coefficients α 1,com and α 2,com to be equal for the common demographic attributes S com (e.g., age, stature, gender, auto ownership) in the model. This approach is only applicable when the vehicles in the two surveys are identical, and the survey-respondents are aware of the one-to-one correspondence of the vehicles in the two surveys. In addition, the choice of S com is made based on two criteria; the demographic variables should be used in choice models for each of DS 1 and DS 2 , and should have similar effect both the models. In such a scenario, i.e., when and the assumptions listed above are valid, the following approximation for the "pooled" utility function that considers attributes from both DS 1 and DS 2 , is proposed (Eq. (8)). The scale parameter for the exterior survey dataset, µ 1 , is set to 1, and the scale parameter for the packaging dataset, µ 2 = µ, is estimated using the Nested Logit technique. As a result, parameters related to the packaging data set, DS 1 , will be scaled by µ in the pooled utility function:
To demonstrate the approach, a pooled model estimated on the dataset which contains data from both the interior survey DS 1 and the exterior survey DS 2 , is presented in Table 2, with the S com used to create the pooled model indicated in parenthesis. Prior to the estimation of the pooled model, models for exterior and interior surveys are estimated separately to determine the S com to be used for pooled estimation, as well as to understand the relative importance of attributes in each of the models.
The estimation results help determine the relative importance of the packaging/exterior attributes as well as provide interpretations for the demographic variables. It should be noted that while all the exterior and interior ratings attributes are on a 1 to 10 scale, the demographic variables and "Price Willing to Pay" attribute retain their original units and have not been normalized. The results indicate that overall roominess is the most important attribute for package choice, followed by ingress/egress and quality of materials. For the exterior attributes, a high positive coefficient for overall exterior appearance indicates the important role that this attribute plays in choice-decision in the exterior survey. The price the customers are willing to pay for a vehicle has a positive coefficient, suggesting that customers are more likely to choose the vehicle that they perceive as a luxury/premium model. The coefficients of demographic variables, which are alternative-specific (Ben-Akiva and Lerman, 1985; Koppelman and Bhat, 2006 ) and estimated for cars 2, 3, and 4, with car 1 as the reference, indicate the preference behaviour with respect to age, income, etc. for each of the alternatives. For example, the income coefficient for car 3 is negative indicating that higher income respondents are likely to choose car 1 over car 3. Similar interpretations could be made for each of the demographic attributes in the model. It should be noted that in the pooled model, the coefficients for gender, age and stature are common across both datasets, whereas coefficients for income are estimated based on only the exterior dataset. The pooled model provides an indication of the relative importance of interior/packaging attributes vs. exterior attributes. Such a comparison of the preferences for exterior and interior attributes would not be possible without a pooled model since the coefficients of the attributes in the utility expressions are not directly comparable. The scale factor, µ, was estimated to be 2.8 for this model. Comparison of coefficients in the pooled model shows that the coefficient of the overall exterior appearance (β =1.52) is roughly three times that of the "scaled" overall roominess coefficient (β =1.41/2.8), suggesting that overall exterior appearance is considered more important than the interior roominess, by the survey-respondents. Finally, it should be noted that the results on the preferences for exterior and interior attributes are only fully applicable to the vehicles under consideration, and more data should be considered for the results to be generalized. Table 2 . M 1 level models for the Interior and Exterior surveys.
Sub-System and Component Level Models (M 2 , M 3 )
M 2 and M 3 Level models were estimated using the OL approach described in Section 4.3. To account for the heterogeneity of customers in the survey sets, methods from 2-Level OL modelling were used in which the model intercept, β 0 , is modelled as a function of S, β 0 =f(S).
An M 3 level model for headroom rating was initially estimated using the data from the packaging survey (DS 1 ). The ρ 2 value for this OL model was quite low (ρ 2 =0.05), most likely due to the narrow range of dimensional variation within the package configurations (i.e., four per customer) evaluated by each. Also, the headroom evaluations may have been influenced by non-headroom attributes, such as the perceived comfort of the vehicle package.
For this reason, an M 3 level model was re-estimated using the PVM survey data (DS 3 ). The indicates that females systematically rate lower than males for the same package design (note: for gender, 0-male, 1-female). This should be further investigated to determine if the reason is related to anthropomorphic characteristics or a systematic rating bias associated with females. An issue to address when estimating models from surveys using ordinal responses is the nature of ratings scales. As discussed, ordinal ratings only indicate a respondent's relative ranking of preferences for configurations considered in a particular survey; therefore, ratingpredictions from a model estimated using ordinal data cannot be assumed to be valid for configurations outside the model estimation survey set without calibration of scale. To address this issue, the M 3 model to predict ratings for vehicles specific to the packaging survey (DS 1 ) is estimated using the PVM-estimated utility function as given, while the cutpoints (k) are estimated specific to the packaging survey using MLE to calibrate for scale as shown in Table 3 .
An M 2 level model was then estimated based on the clinical package survey data to express the rating for overall roominess in terms of the ratings for individual package attributes (Table 4) and demographic attributes S. In this model, the coefficient of gender indicates that female respondents have a systematically lower "roominess" rating for a given set of individual attribute ratings (e.g., head room). (Table 3) 
Using Hierarchical Choice Model for Market Prediction
Ultimately, the purpose of using a hierarchical model structure is to support engineering design decision making by estimating the impact of engineering design decisions on customer product choice. This affords understanding of attribute trade-off analysis, and identification of optimal target engineering attribute values. First, we demonstrate how changes at the engineering design level (E) and in the targeted demographic (S) for a vehicle are directly linked to customer product choices. This is shown through market shares predictions, calculated using a bottom-up propagation from M 3 , to M 2 , and then to the M 1 model. Two different scenarios are considered for the study as summarized in Table 5 . These different scenarios examine the impact of increasing the headroom dimensions for car 2, and the effect upon marketing the car to different demographic strata. For this study, it is assumed that changes to the headroom dimensions do not affect the exterior appearance and the corresponding exterior appearance ratings for car 2. Results of this study (presented in Table 6 ) are intended to demonstrate the impact on ratings for car 2, and also to show the effect on market share for car 2.
• Baseline represents the original vehicle system, subsystem, and component level attributes and S distribution in the data set, resulting in a Market Share, MS 0 , of 31.3% for car 2.
• Case 1 represents a design change to car 2: increasing the packaging headroom dimensions (i.e., L38, W35, H61) results in higher headroom ratings, which directly leads to higher car 2 predicted market share (MS 1 =31.8%).
• Case 2 represents the effect of targeting car 2 to different demographic strata: As seen in the table, car 2 is more appealing to higher income, shorter stature demographic groups (MS 2B =47.6%) indicating this vehicle should be marketed to a higher income market, with average-to-short stature population characteristics. Design changes, such as the design change demonstrated in Case 1, could be investigated to change market share in each of the four strata, if the current market share predictions were determined to be undesirable (e.g., the manufacturer would like broader appeal to the middle income group or a taller stature population). When a more complete set of M 2 and M 3 models for all attributes appearing in the M 1 choice model are available, more detailed trade-off studies can be conducted using the hierarchical modelling method. For example, changes to vehicle roof height, may impact both the roominess rating by providing additional headroom (H61), and the exterior appearance rating by creating a different vehicle profile. The effect of changing the vehicle roof height would be reflected in the engineering design attributes in the M 3 level models for both roominess and exterior appearance, and the new attribute values cascaded up through the model hierarchy to the M 1 choice model. This would show the impact on market share predictions as well as on the profit-estimates for car 2 when the cost to implement the change, C, and the price received for the vehicle, P, are considered.
CONCLUSIONS AND FUTURE WORK
The hierarchical choice modelling approach developed in this paper addresses the unique issues that arise when estimating a demand model for designing large-scale, complex engineering systems. Many of the criteria used by customers to choose between complex artefacts are qualitative in nature. Preferences for such qualitative attributes, usually expressed in the form of customer-ratings, are not readily transferable into targets for engineering design attributes. In addition, the data needed to model customer choice for a complex system often exists in several data sets which must be combined to enable accurate demand model estimation. Existing approaches in the design literature are not well suited to address these issues.
The hierarchical approach uses a system of models to express customer preference behaviour at system, subsystem and component levels, and accommodates the use of both quantitative and qualitative attributes in the choice model. To overcome the deficiencies of individual subsystem/component-specific datasets, a model fusion method, based upon concepts of Nested Logit (NL), is proposed. This allows us to examine how customers make trade-off between multiple subsystem/component-specific attributes when all the information is simultaneously available to them. The qualitative ratings attributes in the choice model are linked to quantitative engineering design attributes through a system of Ordered Logit (OL) models, which have been shown to be appropriate for modelling discrete, ordinal ratings data. To capture the heterogeneity of the target customers, a taxonomy for S is introduced, with different sets of S introduced into different model levels as required to capture the heterogeneity of customer preference. The developments in model fusion, predictive ratings modelling methodology, and capturing heterogeneity are demonstrated using the vehicle occupant package. A study of how customer-preferences for packaging with changes in demographics as well as changes in package design is used to illustrate the benefits of the hierarchical modelling approach, and estimate the impact of engineering design decisions on customers' system-level choices.
The intent of this paper is to introduce the hierarchical choice modelling approach and the associated modelling techniques; therefore, much future research remains. A necessary task is integrating the hierarchical choice model with the engineering decision making framework to allow determination of the optimal levels of engineering design attributes for a complex system. Another important issue is analysis and understanding of the propagation of error throughout the hierarchy for this model structure. There will be unique modelling error at each model level, which must be quantified and explicitly considered in the engineering decision making process. Another important issue to be examined more closely is a general method for calibrating OL models, estimated on training data sets, for use in ratings prediction. A related issue is a study of the design of the vehicle survey and PVM experiments to best support subsequent model estimation. 3.70, 5.93, 6.83, 8.74, 10.89, 13.21, 15.87, 17.94 Goodness of fit estimates ρ
